In recent years there has been a growing stream of literature in marketing and economics that models consumers as Bayesian learners. Such learning behavior is often embedded within a discrete choice framework which is then calibrated on scanner panel data. At the same time it is now accepted wisdom that disentangling preference heterogeneity and state dependence is critical in any attempt to understand either construct. We posit that this confounding often carries through to Bayesian learning models. That is, the failure to adequately account for preference heterogeneity may result in over/under estimation of the learning process. Using a unique dataset that contains stated preferences (survey) and actual purchase data (scanner panel) for the same group of consumer, we attempt to untangle the e¤ects of preference heterogeneity and state dependence, where the latter arises from Bayesian learning. Our results are striking and suggest that measured brand beliefs can predict choices quite well and moreover that in the absence of such measured preference information the Bayesian learning behavior for consumer packaged goods is vastly overstated. The inclusion of preference information signi…cantly reduces evidence for aggregate-level learning and substantially changes the nature of individual-level learning. Using individuallevel outcomes, we illustrate why the lack of preference information leads to faulty inferences.
Introduction
Consumers choose between brands based on their individual preferences, past experiences and the brands'marketing mix elements. The marketing and economics literatures are replete with examples of studies that investigate the relative impact each of these factors have on the brand choice decision. While this literature is quite heterogeneous in its …ndings, what has emerged as a consensus is that the separate identi…cation of these e¤ects is non-trivial. It is now well documented (see e.g . Heckman 1981 ) that the e¤ect individual preferences (heterogeneity) and past experiences (state-dependence) have on brand choices can be confounded. That is, we know that a failure to adequately account for heterogeneity in preferences may lead to a bias in the e¤ect of state dependence. This in turn may also lead to a bias in the estimates pertaining to marketing mix e¤ects such as price.
In recent years there has been a growing stream of literature in marketing and economics that aims at structurally modeling the beliefs that consumers have about each brand and the role such beliefs play in choice decisions. In particular this literature treats consumers as Bayesian learners and allows them to update their beliefs via signals obtained at each purchase occasion. For implementation purposes, the Bayesian learning framework is embedded within a discrete choice setting which is then calibrated on consumer choice data (see e.g., Erdem and Keane 1996 , Ackerberg 2003 and Mehta, Rajiv and Srinivasan 2003 . This approach speci…es a structural model of the brand choice process and allows researchers to delve into the underpinnings of brand choice behavior.
Said di¤erently, the Bayesian learning model can be thought of as a framework that allows for higher order state-dependence albeit in a fairly parsimonious manner. As such, the discrete choice model with Bayesian learning is data intensive and makes disentangling preference heterogeneity and state dependence even more di¢ cult. The key problem, simply stated, is that consumer learning is not fully identi…ed from revealed choice data. This iden-ti…cation problem has been recognized ( Erdem and Keane 1996) and the typical solution is to assume a common prior across consumers or to somehow use past data to calibrate priors. The crux of the issue is that without data on initial conditions there is no way of identifying the rate and amount of learning for a given consumer. Note that this problem persists even if data were available from the …rst choice onwards since there remains an informational insu¢ ciency stemming from the fact that prior beliefs at the initial point are still unavailable and remain heterogenous across consumers. Ignoring this missing information and the implicit heterogeneity induces biases in our understanding of consumer learning and will almost surely misrepresent other constructs of heterogeneity. We note that the problem cannot simply be resolved with long panels since such data is not informative about the consumers'initial priors.
What additional information, then, can researchers collect that would help resolve these issues? The answer is simply to augment revealed preference data with information on consumer preferences. Ideally, if a consumer's true preferences for the relevant brands were available at each purchase occasion, the researcher could pin down the precise underlying behavior that drives observed choices. Such preference information, however, is tedious and expensive to collect. A second best alternative is to gather data on preferences at some point prior to choices being observed. Such information substantially reduces the researcher's burden about inferring initial priors by substituting data in place of assumptions. As a result, one is better able to resolve the confounding between learning and preference heterogeneity by allowing this augmented preference information to o¤er a competing explanation for the observed choice sequence.
For instance, if a consumer's preference data reveals a strong idiosyncratic preference for a particular brand of toothpaste (say Crest) and also a high degree of familiarity with the brand, the researcher should be able to rule out a learning based explanation. Sensitivity to marketing mix variables is also better assessed in the presence of such preference information.
Continuing the earlier example, say a price discount on the last shopping trip seems to have induced the consumer to switch from her preferred brand (Crest) to a potentially less preferred one (Colgate). Clearly, the availability of preference information now o¤ers insights into the degree of substitutability between the two brands and would directly inform the degree to which the consumer is price sensitive. If data reveal that Colgate and Crest are equally preferred it would imply that she is less price sensitive than if the consumer strongly preferred Crest to Colgate. Consequently, the price di¤erential required to induce a brand switch from Crest to Colgate should be smaller in the former case than in the latter and this has direct implications on the estimates of price elasticity. By similar argument, the e¤ect of other marketing mix elements would also be more cleanly estimated.
In general, there is widespread agreement that stated preferences are based on the true underlying preferences of the consumer. Conjoint studies routinely use multiattribute utility models to construct estimates of consumers'utility functions and use that to predict choices.
The previous literature has also paid some attention to the importance of combining revealed preference data with such stated preference data. Early studies such as Ben- Akiva and Morikawa (1990) , Hensher and Bradley (1993) and Horsky and Nelson (1992) investigated the behavioral and cognitive process through which stated preference data is generated, and explained why such data is predictive of actual market behavior. Using cross-sectional health care plan choice and survey data, Harris and Keane (1999) showed that incorporation of the attitudinal data leads to a substantial improvement in choice model …t and more precise estimates of all choice model parameters. Horsky, Misra and Nelson (2006) reported similar …ndings in the context of scanner panel data analysis. The above cited studies are primarily concerned with choice environments in which decision makers act on full information. There has been, however, a growing trend in recent years to model choice processes in which decision makers act with partial information. Manski (2004) recently discussed identi…cation of such decision process and concluded that choice data alone do not su¢ ce to infer about the underlying behavior. In the spirit of Manski (2004) , we attempt to empirically show how misleading inferences about the consumer's learning process can be, particularly when this process is calibrated using only scanner panel data.
In the current study we estimate a logit based Bayesian learning model in which learning parameters are allowed to be fully heterogeneous via the augmentation of survey information on consumer preferences and familiarities. By comparing it with the Bayesian learning model calibrated on standard scanner panel data alone, we make a number of substantive contri-butions to the literature. Our …ndings enhance the current knowledge about the consumer brand choice process. First, we demonstrate how the inclusion of preference and familiarity information substantially alters our understanding of the brand choice process. In particular, the absence of this information signi…cantly overestimates the amount of aggregate-level learning. Correspondingly, the role of preference heterogeneity is much more pronounced in the presence of survey information. Second, our analysis allows us to take a deeper look at the individual-level choice process, and consequently document the e¤ect that preference heterogeneity and learning have on explaining individual level purchase patterns. Finally, we …nd that the inclusion of preference information uncovers statistically and managerially signi…cant biases in parameter estimates, such as price sensitivity, and the degree of parameter heterogeneity. While our results are an initial foray into the topic and are based on a single data set and one particular model speci…cation, they do o¤er the marketing scientist new insights into disentangling the impact of preferences and learning in consumer's brand choice.
The rest of this paper is organized as follows: In the next section we layout the Bayesian learning process and illustrate how to embed it in a discrete choice framework. In the following section we describe our unique data set that combines stated preferences (survey) and actual purchase data (scanner panel) for the same group of consumers in the toothpaste market. We specify how the survey information on preferences and familiarity of the brands is incorporated into the Bayesian learning model. In particular, our speci…cation of the learning process uses additional parameters that allow the consumer to update fully heterogeneous initial preferences. At the same time we discuss the identi…cation issues associated with estimation of the Bayesian learning model using scanner panel data. We then describe our estimation methodology and follow this with a discussion of our empirical …ndings. The parameter estimates of the Bayesian learning model which relate to preference heterogeneity, learning and marketing mix variables are provided. We follow with discussing managerial and research implications of our study. We conclude with a summary.
The Bayesian Learning Model
The seminal work of Erdem and Keane (1996) has generated a stream of papers in marketing and economics that incorporate the Bayesian learning process into a discrete choice framework. 1 These models have been used to model choices in various application areas from consumer's brand choice decisions (e.g., Erdem and Keane 1996 , Ackerberg 2003 and Mehta, Rajiv and Srinivasan 2003 to physicians'prescription decisions (e.g., Crawford and Shum 2005 and Narayanan and Manchanda 2009) . In keeping with this literature we will assume that beliefs are updated via a Bayesian learning mechanism with normal priors and signals. In addition, we will also assume that consumers are risk neutral and myopic.
In the rest of this section we layout the model speci…cation and main assumptions underlying the Bayesian learning model. Our exposition in the sequel focuses mainly on the Bayesian learning model in the context of its estimation using scanner panel data.
The Bayesian Quality Learning Process
In the framework described below consumers learn about brand quality by updating their beliefs over successive purchase occasions. More speci…cally, consumers receive a quality signal after each purchase, combine the information contained in this signal with their prior beliefs and construct a posterior belief in accordance with Bayes'rule. In this context "learning" is conceptualized as having two distinct e¤ects: bias reduction and uncertainty reduction.
The …rst e¤ect stems from the stochastic convergence of a consumer's quality perception to the true mean quality (bias reduction), while the second e¤ect re ‡ects the deterministic convergence of uncertainty to zero (uncertainty reduction). This two-dimensional nature of the Bayesian learning process yields a parsimonious yet ‡exible learning mechanism. Let Q S ij;t denote a signal about brand j's quality that consumer i receives after purchasing brand j at time t. We assume that quality signals are generated from the following normal distribution 2 : 1 Earlier work in this vein includes Roberts and Urban (1988) , Eckstein, Horsky and Raban (1988) and Horsky and Raban (1988) . 2 We are assuming that non-purchases are uninformative from a quality learning point of vew. An al-
where Q ij is consumer i's true mean quality assessment (or match value) of brand j and 2 Q ij is the signal variance of brand j faced by consumer i. Given that 2 Q ij > 0, quality signals only contain partial information about the unknown true mean quality. Again, the quality signal is assumed to be realized only after consumer i purchases and consumes brand j at time t.
Consumer i is assumed to have an initial quality belief about the unknown true mean quality of brand j, as given below:
In the above equation, Q ij;0 and 2 Q ij;0 are initial beliefs about the mean and variance of brand j's quality at time 0. We note here that in the Bayesian paradigm prior beliefs at any time t are simply the posterior beliefs at time t 1: In other words, successively combining prior beliefs with the consumption signals allows us to construct the posterior belief at any time t > 0: This time speci…c posterior belief also follows a normal distribution, and is de-
Since quality beliefs at any time t 0 are normally distributed, they are completely characterized by their mean and variance parameters. In other words, the laws of motion for the posterior mean and variance are su¢ cient to characterize the evolution of a consumer's quality beliefs. If consumer i updates posterior beliefs at time t 1 (or prior belief at time t) through the realization of quality signals in a Bayesian fashion, the posterior mean and variance at time t can be updated in the following recursive manner:
ternative speci…cation could include a reinforcement learning component wherein non-purchases also have a role to play in the spirit of Camerer, Ho and Chong (2002) 
ij;t and (4)
where y ij;t is an indicator variable such that y ij;t = 1 if consumer i purchases brand j at time t and y ij;t = 0 otherwise. Successive substitutions of equations (4) and (5) result in alternative expressions for Q ij;t and 2 Q ij;t as given by
and (6)
From an estimation standpoint, it is useful to construct an alternative expression of the Bayesian learning process using a change of variables. To do this we de…ne two new variables,
These new variables, Q ij;t and S ij;t , are referred to as "perception bias" and "signal noise", respectively. The former measures how much consumer i's mean quality perception deviates from the true mean quality, while the latter represents a noise component of the quality signal. Using these transformations and combining equation (7) with (6) lead to the …nal expression for the mean quality perception, given by
The mean quality perception starts with Q ij + Q ij;0 at the initial period (t = 0), evolves over time as suggested in equation (8) (for t 1), and converges to Q ij at steady state (t = t where Q ij;t = 0 and 2 Q ij 2 Q ij;t = 1). The above equation represents the crux of the Bayesian learning process. It highlights the fact that the mean quality perception Q ij;t can be decomposed into two components: a time-invariant Q ij and a time-varying Q ij;t . The existence of the time-varying component di¤erentiates the Bayesian learning process from the zero-order process. If Q ij;0 = 0 and 2 Q ij;0 = 0 (therefore, Q ij;t = 0 for 8 t), the Bayesian learning process collapses to the zero-order process (i.e., Q ij;t = Q ij ). This case describes a consumer who is no longer learning (about brands) since his/her quality perception already converged to the true mean quality and no uncertainty about his/her quality perception remains.
The unique speci…cation of the time-varying component also di¤erentiates the Bayesian learning process from the alternative approaches of modeling time-varying preferences such as the popular inertia/purchase reinforcement process (i.e., Q ij;t = Q ij + i y ij;t 1 ). There are two noticeable di¤erences between the inertia and Bayesian learning processes. First, the extent of state dependence is di¤erent. The inertia process has only a …rst-order e¤ect (i.e., only the brand choice lagged by one time period a¤ects the current brand choice decision), while the Bayesian learning process is a higher than …rst-order process (which is often referred to as an in…nite-order process in which the entire choice history a¤ects the current brand choice decision). More importantly, the nature of state dependence is di¤erent. The e¤ect of inertia is usually modeled as not varying across brands or over time, while that of learning is heterogeneous across brands and is diminishing over time.
Utility Speci…cation
Given the speci…cation of a consumer learning process we now move to describing the consumers utility and choice framework. As is typical in discrete choice models, we specify consumer i's utility from purchasing brand j at time t as the following linear form,
whereQ ij;t 1 is a consumer i beliefs about brand j 0 s quality at time t; X ij;t stands for the vector of marketing mix variables of brand j observed by consumer i at time t and i is the corresponding vector of response coe¢ cients; " U ij;t stands for utility components unobserved to researchers. Note that when consumer i makes a purchase decision at time t, the brand quality signal is not yet realized and hence is not considered an observable. In other words quality beliefs in our notation are lagged by one time period to represent the fact that the quality beliefs updated after purchase occasion at time t 1 are relevant to purchase decision at time t. SinceQ ij;t 1 is a random variable, consumer i bases decisions on the expected value of utility with respect to quality beliefs. This expected utility can be computed as
Using the alternative parametrization introduced earlier in equation (8), we can also express the above equation as
The assumption that " U ij;t is iid Type I Extreme Value distributed completes the model speci…cation and leads to the random coe¢ cient multinomial logit model where brand-speci…c intercepts are composed of true mean qualities (Q ij ) and perception biases ( Q ij;t 1 ). Notice that the model speci…cation presented here is simpler than other variants of the Bayesian learning model available in the literature. There are several ways to extend the current speci…cation if the researcher so desires. First, the assumption that " U ij;t is multivariate normal distributed leads to the random coe¢ cient multinomial probit model with a full covariance matrix (Narayanan and Manchanda 2009) . Second, risk aversion can be incorporated via the CARA (Constant Absolute Risk Aversion) sub-utility function (Erdem and Keane 1996 , Crawford and Shum 2005 , and Narayanan and Manchanda 2009 . Third, forgetting can be embedded in the learning model by allowing for the possibility of imperfect recall (Mehta, Rajiv and Srinivasan 2004) . Lastly, forward looking can be modeled together with learning (Erdem and Keane 1996 , Ackerberg 2003 , and Crawford and Shum 2005 . In this study, we keep the model speci…cation as simple as possible to focus on our main research questions by avoiding methodological and interpretational complications. 3
Identi…cation Issues
In what follows we informally discuss the identi…cation of the parameters in Bayesian Learning models. Identi…cation of the model parameters depends on the speci…cation of the model as well as the data available. The Bayesian learning model presented in the earlier section is not identi…able in its current form. Some parameters are by design unidenti…able, while others are challenging to identify with typical scanner panel data. One therefore needs to impose a number of additional restrictions to achieve identi…cation.
The set of parameters that characterize the Bayesian learning process is fQ ij ; 2 Q ij ; Q ij;0 ; 2 Q ij;0 g for 8 i and j. From equations (7) and (8) it is obvious that the initial perception variance 2 Q ij;0 and the quality signal variance 2 Q ij are not separately identi…ed, but only their ratio,
; is identi…able. To resolve this, one usually sets 2 Q ij = 1 for 8 i and j. The literature adopts various rules in dealing with these identi…cation issues. While Mehta, Rajiv and Srinivasan (2003) impose the same restriction to identify this ratio, Narayanan and Manchanda (2007) use a di¤erent strategy in the sense that (i) their initial perception variance is only brand-speci…c (i.e., 2 Q j;0 ) and is drawn from a common prior distribution and (ii) the quality signal variance is only individual-speci…c (i.e., 2 Q i ) and is estimated from data. Under our speci…cation, the interpretation of estimated 2 Q ij;0 is deemed relative to 2
The true mean qualities, Q ij , can be thought of as steady state individual level intercept terms. As is typical, not all of 3 The inclusion of forward looking behavior substantially increases the computational burden since it requires solving a dynamic programming problem in the course of estimation. As a consequence, forward looking behavior is often introduced at the expense of heterogeneity in the Bayesian learning model. Further, the incorporation of forward looking behavior is usually undertaken to allow for experimentation which in the context of a mature product category with experienced buyers seems less important.
We also ignore risk aversion in our application. Given that the focus of this study is to discuss the role of survey information augmented to scanner panel data in improving identi…cation of the Bayesian learning model, we conjecture that the …ndings reported in this study would be robust to the change of model speci…cation.
Finally, our results are based on a MNL speci…cation. A more general framework, such as the Multinomial Probit, will be able to capture correlations across brands at each purchase occasion and consequently might o¤er richer and cleaner insights into learning. these brand-speci…c Q ij 's are identi…ed and we need to specify a reference brand. (e.g. say
A remaining question is how one identi…es Q ij;0 and 2 Q ij;0 (separately from Q ij ). These prior quantities represent heterogeneous initial conditions that cannot simply be identi…ed from revealed choice data without strong untestable assumptions. The identi…cation problems stem from the fact that typical standard scanner panel data is usually left truncated (initial conditions) and/or is often relatively short. In addition, typical patterns of choices in frequently purchased product categories make this identi…cation task harder to conduct.
First, the market share of brands co-vary with changes in brands' marketing mix investments which could mask the systematic evolution of the market share which is essential to separating the prior bias and uncertainty constructs from the steady state intercepts. This problem is exacerbated on account of the maturity of typical product categories for which scanner panel data is available. 4 Second, consumers often purchase a brand from a small subset of the brands available in the product category. That is, y ij;t = 0 for some j during the entire purchase history of consumer i. This implies that consumer i's quality beliefs about the unchosen brands do not evolve over time and consequently, for such a consumer, we cannot cleanly distinguish the prior means and variances from the steady state qualities for these brands. Given these limitations of scanner panel data, researchers have no choice but to impose some homogeneity restrictions on Q ij;0 and 2 Q ij;0 to achieve identi…cation. Typically, researchers make assumptions such as setting Q ij;0 = v j and 2 Q ij;0 = 2 Q 0 : Further one assumes that the panel data is su¢ ciently long so as to allow one to identify Q ij from individual-level choice share near the end of the sample and j from the di¤erence of choice share between the early and late periods of the sample. Finally one argues for the identi…cation 2 Q 0 by relying on the evolution patterns of choice shares over the sample period.
These identi…cation problems are well recognized and various authors have attempted to mitigate them by making innovative use of available data coupled with adjustments to model structure. Our identi…cation strategy, which is detailed in the next section, is to use individual level survey data to calibrate the prior constructs which then will help identify both cross-sectional heterogeneity as well as the scope and nature of individual learning.
Data
In this section we describe the data used in our application. The data consists of typical scanner panel data augmented by a matched survey of the panelists preferences towards the brands. After presenting the data we discuss how the survey information is integrated into the model and, along with other assumptions, it helps identify key constructs pertaining to the Bayesian learning process.
Data Description
The empirical analysis in this study uses a unique dataset on toothpaste choices and preferences obtained from IRI. The scanner panel data contains individual level choice data over time along with price and promotion information for the brands within the toothpaste category. Two marketing mix variables, price and in-store display, are available in this dataset.
Price is measured as shelf price inclusive of any temporary price discount. In-store display is measured as a scale index ranging from 0 to 1, which represents the intensity of display activity for a particular brand and time in the relevant store.
A unique feature of the data is that survey information pertaining to liking (i.e., how much each respondent likes each brand) and familiarity (i.e., how familiar each respondent is with each brand) is available in addition to the standard scanner panel data. Both liking and familiarity are rated by 1 (low) to 7 (high) scale. This stated preference information is pertinent to our identi…cation of individual learning because it was collected from the same individuals we have scanner data on and just before the start of observation period. It is this additional survey information that will allows us to tease out cross-sectional variation and better initialize time-varying components in the learning process. Furthermore, these two market leaders are repeatedly purchased more often than other brands except Mentadent. The two small market share brands, Aim and Pepsodent, are among the lowest priced brands and, on average, rated low on both liking and familiarity.
The medium market share brands -Aquafresh, Mentadent, and Arm & Hammer -generally rank middle in terms of price, display, and survey ratings. There are a couple of noticeable exceptions. Arm & Hammer is the least frequently displayed brand while Mentadent is the highest priced brand and among the most repeatedly purchased brands. Table 1 also presents demographic information of the sample pertaining to family size and household income. The average family size is about 3 and the average household income belongs to the bracket between $45,000 and $55,000. These numbers closely match with …gures in 2000 US census. 5
The Information Content of Survey Data
Insert Figure 1 around here.
To begin with, we seek to address the issue of whether Liking and Familiarity are indeed separate constructs. Figure 1 provides jittered scatterplots of the two constructs for each brand along with their marginal histograms. The correlation between the Liking and Familiarity ratings hover around the 45%-50% range while the proportion of consumers providing identical ratings for Familiarity and Liking range from 25% (Pepsodent) to 61% (Crest). The spread in the data reveal that consumers are clearly heterogeneous across the measures and also that the covariance between the two is not perfect. Finally, in the reduced form models of brand choice we discuss next the e¤ects of the two constructs were separately identi…ed and signi…cant. These tests lead us to conclude that the two measures are indeed separate.
The incorporation of survey data into the model is valuable to the extent it helps explain individual choices. We investigate this further by running a number of reduced form models that use only the survey data to explain brand choices. 6 First we run a simple multinomial logit that seeks to model choices as a function of the survey data measures. The estimated within sample hit rate was approximately 53.5%, suggesting that cross-sectional heterogeneity across consumers can explain a large proportion of brand choices even without the inclusion of temporal covariates or learning. This model uses both the familiarity and liking scores to predict choices. Excluding the familiarity construct lowered the hit rate to 51% while excluding liking reduces the hit rate to 38%.
We also ran a number of tests to ascertain whether there were shifts in market share over the sample period conditional on the familiarity levels of the brands. In particular, we examined the movement in market share among those households that indicated low familiarity with brands. If there was indeed learning at play we should see market shares of these brands changing over time. While we found no evidence of shifts in market share of the major brands (Crest, Colgate and Aquafresh) we did …nd some evidence that market shares were moving over the sample period for niche brands (Arm & Hammer and Mentadent). We note that, these shifts could also be explained by movements in prices or promotions. These alternative explanations will be examined when we implement the full model in what follows.
Overall, the results from our model free and reduced form analyses suggest that the survey data has signi…cant predictive power both as a measure of cross-sectional heterogeneity and as a proxy for the consumers' beliefs. In the next section we discuss our empirical implementation and provide details about how the survey data is used to calibrate the levels and uncertainty in consumers'prior beliefs.
Where is the Learning? Model Free (Lack of) Evidence
Before we embark on a fully structural approach to the problem we undertake an extensive model free investigation of the presence of learning in our dataset. Given the availability of survey data we should be able to discern whether consumers are learning without recourse to a full model. To do so we focus our attention on three empirical indicators of learning. a) Temporal E¤ects of Survey Data: Learning on the part of learning implies that preferences for the brands are temporally varying and such variation can be tested for. In particular, if consumers are actively learning, choices documented in "early" observations should be signi…cantly a¤ected by liking and familiarity measures while "later"observations should not. 7 To investigate this we ran separate simple MNL choice models (with and without unobserved heterogeneity) based on two distinct samples created for early and late observations. To ensure robustness we de…ned early (and late) in various ways including …rst and last observations for each household and extended this to …rst and last "few"observations (2-3 obs) . In both cases, we found that liking and familiarity are signi…cant predictors of choice. Further, the di¤erence in the e¤ect of these measures were not di¤erent from zero in a statistically signi…cant way. This leads us to conclude that preferences are stable and that aggregate patterns in the data do not support a learning hypothesis. b) Aggregate patterns in market share: Shifts in market share and changes in variability of market share are often cited as evidence of learning. We ran a number of tests to ascertain whether there were shifts in market share over the sample period conditional on the familiarity levels of the brands. In particular, we examined the movement in market share among those households that indicated low familiarity with brands. If there was indeed learning at play we should see market shares of these brands changing over time.
While we found no evidence of shifts in market share of the major brands (Crest, Colgate and Aquafresh) we did …nd some evidence that market shares were moving over the sample period for niche brands (Arm & Hammer and Mentadent) . We note that, these shifts could also be explained by movements in prices or promotions. These alternative explanations will be examined when we implement the full model in what follows. c) Higher order state dependence: Learning can be thought of as higher (than …rst) order state dependence. Clearly, an in…nite order state dependence model cannot be empirically distinguished from learning. To test whether the data exhibits such higher order patters we ran simple choice models with increasing lagged choice indicators. We found that lagged indicators up to the fourth order were signi…cant predictors of current choice.
This leads us to conclude that a model with a Bayesian learning component would obtain traction (if higher order state dependence were ignored, as it usually is in the literature). To check if this was indeed learning we included our survey measures into the model with higher order state dependence. We …nd that most lagged choice indicators (except …rst order) are insigni…cant in the presence of the survey data. This again leads us to suspect that any learning in this data may be spurious.
Overall, the results from our model free analyses suggest that the survey data has sig-ni…cant relevance as a measure of cross-sectional heterogeneity, as a proxy for consumers' beliefs and in its ability to disentangle learning from preferences. In the next section we discuss our empirical implementation and provide details about how the survey data is used to calibrate the levels and uncertainty in consumers'prior beliefs.
Empirical Implementation
To estimate the parameters of our model we construct a Markov Chain Monte Carlo scheme that provides us draws from the stationary joint posterior density of the parameters. In what follows we describe the procedure in brief and relegate details to the Appendix.
Basic Speci…cation
Recall that our basic speci…cation relies on consumers maximizing expected utility of the form
with the perception bias at time t being denoted by
In our speci…cation, the vector X ij;t consists of prices and display levels for each brand.
Finally, as mentioned before, the " U ij;t are assumed to be distributed iid Extreme Value Type-I.
Identi…cation Using Survey Information
As we mentioned earlier, the identi…cation of learning models is a non-trivial matter. In the traditional, homogeneous learning model, identi…cation restrictions are imposed to achieve identi…cation (see e.g. Erdem and Keane 1996) . More recently, Narayanan and Manchanda (2009) exploit the variation in the patterns of evolution in prescriptions across multiple drugs to identify heterogenous learning. In both cases, parametric identi…cation assumptions are required on the agent's prior beliefs to say something about identi…cation. In this paper, we have access to survey data that allows us to inform the model about heterogeneity in prior beliefs without resorting to a purely distributional assumption.
The survey component in our data provides additional information such as liking and familiarity for each brand. De…ne S ij = fLIK ij ; F AM ij g where S ij is consumer i's survey data for brand j; LIK ij is consumer i's 1-to-7 point liking measure for brand j and F AM ij is consumer i's 1-to-7 point familiarity measure for brand j. 8 In both constructs, 1 implies 8 The results in the sequel are based on using the survey data as is. We also experimented with alternative standardizations of the data and found similar results. The key identi…cation in our framework stems from the variation in the survey responses across individual households and therefore our results are fairly robust to the way this information is used. Also note that since the impact that liking has on quality is heterogeneous, less and 7 implies more. For example, a 7 on Familiarity would imply that the consumer is very familiar with that particular brand.
Since this survey information is collected prior to the choices being observed, liking and familiarity are likely to contain relevant information about the mean and variance of quality perception at the initial period. We exploit this analogy by making the consumers' prior constructs a function of the survey data as follows.
where the bar notation over the parameters indicates that they are common across consumers. The Liking and Familiarity measures pin down a given consumer's quality beliefs and uncertainty at the time the survey was conducted. Since our data pertains only to choices made after the survey data is collected we are in essence "initializing" our prior constructs at this point. The variation in Liking allows us to identify heterogeneity in the perception bias while Familiarity helps identify variation across consumers in prior uncertainty. Together they allow us to identify a model that allows for heterogeneous priors and consequently heterogeneous learning.
When survey information is not available (or is ignored, as in some models we estimate)
we set i = 0 and i = 0. Consequently, Q ij;0 = j and 1 2 Q ij;0 = exp( ). In this case, the initial perception bias is pooled across consumers, while the initial perception variance is pooled across both consumers and brands. These are standard identi…cation restrictions that are needed in the context of Bayesian learning models applied to scanner panel data (see e.g. Erdem and Keane 1996 and Srinivasan 2003) . 9 Note that, in general, homogeneity restrictions on Q ij;0 and 2 Q ij;0 do not necessarily imply homogeneous learning. As is evident from equation (8), the mean quality perceptions are still heterogeneous on any scaling distortions will be subsumed into the relevant parameter. Again, this results in our basic …ndings being robust to the manner in which the survey data is coded. account of heterogeneous (yet time-invariant) true mean qualities and the observed sequence of individual-level brand choices. The initial market shares of the toothpaste brands helps identify the initial perception bias pooled across consumers. On the other hand, the initial perception variance pooled across both consumers and brands is identi…ed from the evolution patterns of consumer choice behavior for all brands in the market and its relationship with quality signals from consumption experience. Finally, not all brand-speci…c j s are identi…ed and therefore one of them needs to be locationally …xed (say, K = 0). 10 This is the last condition to render the parameters in our Bayesian learning model identi…ed.
MCMC Estimation Scheme
Complete details of the MCMC procedure are in the appendix. The basic algorithm is similar to those used in the literature and involves iteratively sampling parameter blocks from their conditional posterior densities. 11 We ran 25,000 iterations after 25,000 burn-in iterations, and thin the chain by retaining every …fth draw to reduce autocorrelation leaving us with 5,000 draws that are then used for inference. Figure 2 presents trace plots for the learning parameters with and without survey data. Visual inspection suggests that the above burn-in period is adequate and that the chains converge. Other parameters exhibit similar patters and are omitted for the sake of brevity.
Results and Empirical Findings
In this section we report our results and discuss empirical …ndings. These include estimates from the Bayesian learning model with and without the individual level survey information on familiarity and preferences of the brands. We focus on four areas of interest that pertain to our earlier discussion: (i) model …t, (ii) parameter estimates, (iii) magnitude of learning and (iv) individual level insights. Table 2 provides the …t statistics for the Bayesian learning model and other competing models. The model …t statistics presented are log-marginal likelihoods computed using the harmonic mean approach of Newton and Raftery (1994) and in all cases the signi…cance of the …t improvement is interpreted based on the criteria proposed by Kass and Raftery (1995) .
Model Fit
Include Table 2 
about here
The results presented in Table 2 show that either with or without the survey data the Bayesian learning model provides a better …t than any of its competing models (in which state dependence is either not allowed or speci…ed with a di¤erent functional form). The di¤erences between the Bayesian learning model log-marginal density and its best …tting competing model can be classi…ed as "very strong". 12 Taken at face value these results make a strong case for the inclusion of the Bayesian learning process in traditional brand choice models. However, we note that the better …t stems directly from the additional ‡exibility a¤orded by the learning framework. In particular, learning based models permit the incorporation of higher-order feedback e¤ects into the model that mechanically increase performance. The extent to which learning is relevant in our application will be discussed in the sections that follow. Table 2 also showcases the importance of including survey data. Incorporating survey information always improves …t irrespective of the model being considered. In particular, the …t of the Bayesian learning model improves from -1983 to -1820 when the survey information is incorporated. This …t improvement o¤ers "very strong" evidence in favor of incorporating the survey data. Equally striking is the fact that the …t of the survey augmented random coe¢ cient logit model without state dependence (i.e. zero order behavior), in which the individual level preference measures serve only to "shift" the brand speci…c constants, has a better …t than the Bayesian learning model which allows a high-order e¤ect of state dependence, but does not include the survey information (-1863 vs. -1983) . This implies that stated preferences play a larger and more signi…cant role in explaining choices than the ‡exibility a¤orded by learning models. Include Table 3 about here
Parameter Estimates

Brand Speci…c Constants and Qualities
The inclusion of the stated preference information has a two-fold impact on the brand speci…c constants, which are interpreted as the true mean qualities in the context of the Bayesian learning model. Pairwise comparisons of these constants (in Table 3 ) reveal that both the mean values and variances are smaller when stated preferences are included. The reduction in the means and in particular in the heterogeneity of the brand speci…c constants are indicative of the fact that stated preferences provide valuable information on the variation in the true mean qualities.
Include Figure 3 about here
In Figure 3 we plot the estimated individual speci…c posterior means of the quality perceptions evaluated at the initial period. This quantity re ‡ects the beliefs of the consumers at the beginning of the sample. The estimated initial mean quality perceptions with survey information are signi…cantly more dispersed for every brand while there is no discernible systematic pattern to the di¤erences when it comes to the location of the density. This suggests that a large proportion of the individual level variation across consumers is not captured by the brand speci…c constants without the aid of the stated preference information.
In the absence of the survey information some of that variation is carried over to other constructs in the model such as the heterogeneity in marketing mix e¤ects. We discuss this next.
Sensitivity to Marketing Mix Variables
The mean e¤ect and heterogeneity in the sensitivity of marketing mix variables, reported in Table 3 , is di¤erent when the stated preference information is accounted for. Without survey information consumers are (on average) thought to be more price sensitive and more dispersed in their response to price changes than they actually are. This happens partially because the absence of preference information forces price to account for more than its true e¤ect. It seems that when consumer preferences are "known" the substitution patterns in choices are well explained, thereby mitigating the need for brand switches to be rationalized by di¤erences in prices. Of course, the full e¤ect of price changes on choices (elasticity) depends not only on the price coe¢ cients but also on the brand speci…c constants and true mean qualities. Since, for any brand, the latter vary across the estimated models the price elasticities will do so too. Taken together, the increased heterogeneity in quality beliefs and price sensitivity imply that consumer responsiveness to prices is a lot more varied than traditional models would have us believe. Finally, we note that while aggregate price e¤ects are dampened with the inclusion of stated preferences there may be individual cases where the e¤ects move in the opposite direction (larger e¤ects with survey data). We will return to these issues in later sections dealing with individual level insights. Figure 4 depicts the individual posterior means of price and display. Display e¤ects, on average, have a larger mean but similar to price exhibit somewhat lower variances when survey data is included.
Include Figure 4 about here
Magnitude of Learning
The distribution of individual level posterior means of the initial perception biases is depicted in Figure 5 . Without survey information, initial perception biases for the brands are more negative and less heterogeneous, indicating a larger amount of learning. The extent of learning is determined not only by the initial perception biases but also by variances. Figure   6 presents initial precision which is de…ned as inverse of variance of quality perception. Note that in the absence of the survey based measures initial perception biases are homogeneous across consumers and initial precision is homogeneous across consumers and brands. These are represented by solid vertical lines in the graphs. Figure 7 depicts the joint impact of these parameters on aggregate level learning. There are two signi…cant di¤erences between the two data scenarios. First, the estimated average learning during the sample period is "lower" when preference information is accounted for.
Said di¤erently, the posterior perceived quality levels are much smaller. Second, the rate of learning is also very di¤erent. The inclusion of survey information results in consumers updating beliefs at a much "slower" rate. These two e¤ects suggest that the estimated learning patterns without preference information are exaggerated. Note that, this pattern of exaggerated learning is true for all brands in the data, however, it is more pronounced for the large share brands such as Colgate and Crest. In fact for Colgate and Mentadent the learning patterns with survey data are not signi…cantly di¤erent from a ‡at line (no learning) while for Crest and Aim the patterns are only weakly di¤erent from a no-learning pattern.
Include Figure 5 , 6, and 7 about here Taken together the utility (constants/marketing mix e¤ects) and learning parameters indicate that without the incorporation of stated preferences the learning process if forced to proxy for di¤erences across consumers. This re ‡ects the classic confound between state dependence and heterogeneity. By capturing the initial beliefs of individual consumers we are better able to frame the heterogeneity which in turn mitigates the need for the learning component to try rationalize the unexplained variation. This confound becomes even more stark when we examine individual cases in what follows.
Individual Level Insights
Include Figure 8 here While the patterns discussed in Figure 7 suggest that there is little learning (for most brands) in the data the aggregate nature of the plots masks the heterogeneous nature of learning. To investigate heterogeneity in learning further we examine individual level patterns for the extreme case of Colgate where the aggregate pattern suggests no learning at all. Figure 8 depicts the learning patterns for each household in our sample for Colgate.
There are three important points about this plot: First, that including survey data captures heterogeneity in learning. This is noticed by the spread of the curves around the mean curve.
Second, in the absence of survey data the patterns of learning are very similar while with survey data the nature of learning is varied. In particular, with survey data households can lower their perceptions about Colgate's quality. Finally, even though the aggregate pattern suggests little learning for Colgate (with survey data) there are households that exhibit signi…cant learning. These insights were echoed for the other brands in our analysis as well.
To further examine heterogeneous learning we investigate a sample of households at a deeper level. Table 4 depicts four households with di¤erent choice patterns facing varied marketing mix environments. For each household the table also presents liking and preferences Figure 9 presents the estimated learning patterns for them. The top pair of graphs in Figure 9 pertain to this household and suggests she has actively engaged in learning about Crest during the sample period. Her mean quality perception has noticeably increased and her variance of quality perception has remarkably decreased over successive Crest choices. This preference reinforcement, coupled with uncertainty reduction, indicates active learning about Crest. However, a cursory examination of her stated preferences reveal strong preferences for Crest. Incorporating this data lessens the estimated degree of learning for Crest. This is a clear case where without data the researcher's learning about consumer preferences is misconstrued as the consumer learning about the brand. As discussed earlier, the survey data also plays a role in the consumers estimated price sensitivity. Since Colgate is also rated favorably the switch to Colgate on the last purchase occasion does not have to be explained by price di¤erences. Consequently, the estimated price coe¢ cient is -4.13 without survey and -3.50 with survey.
Include
Household #297
This household buys AF (Aquafresh) repeatedly and continues to do so even when the price creeps above the mean price. It is only when the price of AF is signi…cantly above the mean level that she switches over to AH (Arm and Hammer). Her brand choices are unique in that there is no other consumer in the sample who bought AF six times out of seven. The sample market share of AF is only 15%. The large disparity between her and the "average" AF consumer's behavior leads her to be classi…ed as an active learner. A quick examination of the survey data information on liking and familiarity tells a very di¤erent story. AF is not only her most preferred brand but also the one she is most familiar with. Given this information, it is obvious that the consumer buys AF not because of state dependence or learning but simply because she likes the brand! In other words, she is a zero-order type consumer who exhibits no learning whatsoever. Since the preferences explain a large proportion of the choice patterns it also explains why her price coe¢ cient with the survey data is now less negative. The estimated price coe¢ cient is -3.78 without survey and -3.51 with survey.
Household #334 and Household #55
In contrast to the previously discussed households, no brand switching is observed during the sample period for these two households. One only buys Colgate while the other buys Aquafresh. A quick glace at Table 4 , however, reveals that these households di¤er significantly in their stated preferences and level of brand familiarity. In a model without the survey information household #334 appears to be actively leaning but once again the survey data reveals that Colgate choice can be explained by preferences alone. In contrast, house-hold #55 is identi…ed as learning about Aquafresh even after survey data is included. This happens because the survey data reveals the mean liking of Aquafresh to be 4 and familiarity with Aquafresh to be 3 which are both on the low side of the rating scale. Consequently, the purchase string suggests learning.
Our individual level analysis uncovered many more examples which o¤er insights similar to those presented in these examples. For the sake of brevity we have limited ourselves to these cases. As a note, we would like to point out that we did attempt to explain the di¤erences in learning across households using demographic covariates. Unfortunately, we had little success in this endeavor suggesting that di¤erences in learning stem from idiosyncratic di¤erences across households.
Discussion
Implications and Directions
To be clear, our results are based on a single data-set and one particular model speci…cation.
While we conjecture that our results are robust to changes in model speci…cation, we also caution the reader that forming generalizations based on our results are not without risk.
That said, our results do raise a red ‡ag about the use of learning models in frequently purchased, mature product categories. While there will be numerous contexts and applications where learning remains an important aspect of consumer behavior the onus falls on the researcher to document and provide evidence in support of the phenomena.
This paper raises questions about the identi…cation of learning models on account of the fact that di¤erent households may have di¤erent (and unobservable) initial conditions. Without a strategy for dealing with the heterogeneity in initial conditions identi…cation of learning is di¢ cult, to say the least. In our application the availability of survey data helps address the problem, however, such data is not universally available. As such, it would seem that there is no recourse left to researchers wishing to use Bayesian learning models. We do not share this fatalistic attitude. On the contrary, we believe that our results should spur interest in merging varied data sources to learn about consumer preferences.
There is already movement in this direction in the marketing and economics disciplines. For example, recent work by Dube, Hitsch and Jindal (2009) aims at using a conjoint setting to measure discount factors. This moves us away from the traditional approach to dynamic discrete choice models which are often identi…ed only from parametric and functional form assumptions. Like them, this paper shows that using data to construct consumer beliefs o¤ers new and exciting avenues for research aimed at understanding consumer behavior. Our …ndings question the blind substitution of structure in place of data and underlines the pitfalls of taking identi…cation restrictions for granted. We hope this paper will encourage interest in constructing well thought out models where identi…cation is driven more by variation in data than by assumptions.
We recognize that there will be instances where additional data will be unavailable and researchers will need to make strong assumptions to facilitate identi…cation. In such cases, we suggest that they provide evidence as to the robustness of their estimates by perturbing these identi…cation restrictions. In addition, picking categories where learning is easy to justify (diapers, pet food, new products), employing a rich and ‡exible speci…cation of heterogeneity and using smart prior initialization and creative identi…cation arguments will all help in convincing the reader that the results obtained are relevant.
On the substantive front our results highlight a number of interesting issues. We show that a misspeci…cation of the model results in biased estimates for marketing mix e¤ects and for the heterogeneity in them. These clearly have implications for managerial decision making. Our …ndings also reveal that consumers are heterogeneous not only in the way they react to marketing stimuli but also in terms of the order of their decision process. While such "process heterogeneity"has been well documented in the literature (see e.g. Givon and Horsky 1979) there may be reason to allow for such heterogeneity when estimating models such as learning. For example, in the absence of survey data it might be worthwhile to allow consumers to be endogenously bucketed as "zero-order"or "Bayesian-Learners"as part of the estimation algorithm. We are currently working on implementing methods in this direction.
Finally, we note that the model implemented in this paper makes a number of assumptions. For example we assume that consumers are myopic and risk averse. A natural extension would be to relax these assumptions and investigate the degree of experimentation that emerges with and without the inclusion of survey data.
Summary and Conclusion
Consumers in choosing brands within a product category act intelligently. They use their existing preferences and update those based on their own consumption experiences. A key problem in the identi…cation of learning models (or state dependence models in general) is that initial conditions are di¢ cult to pin down. Without these initial conditions being known a clear identi…cation of the degree of learning is all but impossible. In this study we capture consumers'initial beliefs as a function of stated preferences and investigate the impact this data has on the scope, degree and nature of learning in the sample. Our …ndings reveal that including stated preferences and familiarity information allows for a better characterization of heterogeneity and reduces the extent of learning.
Our results have implications both for practitioners and scholars. For managers, the …ndings suggest that consumers' preferences of brands in established categories might be much stronger than extant models would have you believe. This in turn has implications for the e¤ectiveness of pricing and promotional decisions. For scholars our …ndings reveal new insights into the way learning models are identi…ed and o¤ers avenues for future research in this area.
Appendix: MCMC Implementation Details .1 Overview
The full parameter set of the Bayesian learning model is de…ned as follows: = S i i where i = fQ i1 ; :::; Q iJ 1 ; i ; i ; i ; S ij; for =1;:::;T i 1 g represents a set of the individual level parameters and = f 1 ; :::; J 1 ; g stands for a set of the aggregate level parameters. The expected utility speci…cation is now represented by
Given that " U ij;t is iid Type I Extreme Value distributed, the resulting likelihood function is of multinomial logit form, as given by
where S i is individual i's survey information; U E ij;t stands for the deterministic part of expected utility; and the bracket notation [ j ] is hereafter used for a generic expression of conditional probability distributions.
To construct an MCMC sampler for the Bayesian learning model presented here, we complete our hierarchical setup by specifying prior distributions for the parameters. For notational simplicity, we further decompose i into i = fQ i1 ; :::; Q iJ 1 ; i g and i = f i ; i g such that i = i S i . The former ( i ) represents a set of the individual level parameters pertaining to the standard multinomial logit model, while the latter ( i ) stands for a set of the individual level parameters unique to the Bayesian learning model. The prior distributions of the model parameters are speci…ed as follows.
4. Signal noises f S ij; g for =1;:::;T i 1 in the Bayesian learning model are by design drawn from a standard normal distribution. That is, [ S ij; j ; 2 ] = N ( ; 2 ) where = 0 and 2 = 1:
Hyper-parameters p; P; r; R; h; H; g; G; q and Q are appropriately chosen to make the corresponding prior distributions di¤use. These prior distributions, coupled with the likelihood function, specify the target posterior distribution from which need to sample. Our sampling procedure starts with an initialization of the MCMC sampler. We draw the starting values of ; V ; ; V ; and f S ij; g t 1 =1 from their prior distributions and those of i and i from M V N ( ; V ) and M V N ( ; V ), respectively. Our sampler then cycles through the following steps with each one performed conditional on current values of all other parameters in the model:
Step 1. Update i by a Metropolis-Hastings (hereafter M-H) sampler.
Step 2. Update and V by a Gibbs sampler.
Step 3. Update i by a M-H sampler.
Step 4. Update and V by a Gibbs sampler.
Step 5. Update by a M-H sampler.
Step 6. Update f S ij; g t 1 =1 by a M-H sampler.
Sampling procedures in steps 1 and 2 are now well-established in the literature since they are the same as those for a standard random coe¢ cient logit. The subsequent steps involve updating the parameters speci…c to the Bayesian learning processes. Narayanan and Manchanda (2009) propose a MCMC sampling scheme for a heterogeneous version of the probit based Bayesian learning model. We adapt their methodology to our logit based framework by appropriate substitutions of the Metropolis-Hastings steps where needed. A noticeable adaptation in our sampling procedure outlined above is that the series of signal noises are sampled independently and updated simultaneously in step 6, thereby making the chain easier to construct and faster to sample. Full details on the MCMC sampling scheme are presented below.
.2 Details
Given the prior speci…cations and the likelihood function of the Bayesian learning model, the joint posterior distribution of all the parameters conditional on the data is proportional to
We here illustrate the MCMC sampling procedure outlined in the estimation section. Following is the details of each of six steps employed to estimate the proposed model in this study.
Step 1 : Update i = fQ i1 ; :::; Q iJ 1 ; i g by a M-H sampler.
The full conditional distribution of i is
and we generate a vector of proposal values 0 i using a symmetric random walk M-H algorithm. The acceptance probability of 0 i is min(1;
. This step is conducted on an individual basis.
Step 2 : Update and V by a Gibbs sampler.
Due to the conjugate prior speci…cation for and V , their full conditional distributions are
from which it is straightforward to sample.
Step 3 : Update i = f i ; i g : by a M-H sampler. The full conditional distribution of i is
Step 4 : Update and V by a Gibbs sampler.
Step 5 : Update by a M-H sampler. The full conditional distribution of is
and we generate a vector of proposal values 0 using a symmetric random walk M-H algorithm. The acceptance probability of ] ). Notice that this step is conducted for the full sample.
Step
and we generate proposal values f S0 ij; g T i 1 =1 using an independent M-H algorithm. Their prior density is used to generate independent proposal values. The acceptance probability of
). This step is conducted on an individual basis. 
